Agricultural soils account for more than 50% of nitrogen leaching (L N ) to groundwater in China. When excess levels of nitrogen accumulate in groundwater, it poses a risk of adverse health effects. Despite this recognition, estimation of L N from cropland soils in a broad spatial scale is still quite uncertain in China. The uncertainty of L N primarily stems from the shape of nitrogen leaching response to fertilizer additions (N rate ) and the role of environmental conditions. On the basis of 453 site-years at 51 sites across China, we explored the nonlinearity and variability of the response of L N to N rate and developed an empirical statistical model to determine how environmental factors regulate the rate of N leaching (LR). The result shows that L N -N rate relationship is convex for most crop types, and varies by local hydro-climates and soil organic carbon. Variability of air temperature explains a half (~52%) of the spatial variation of LR. The results of model calibration and validation indicate that incorporating this empirical knowledge into a predictive model could accurately capture the variation in leaching and produce a reasonable upscaling from site to country. The fertilizer-induced L N in 2008 for China's cropland were 0.88 ± 0.23 TgN (1s), significantly lower than the linear or uniform model, as assumed by Food and Agriculture Organization and MITERRA-EUROPE models. These results also imply that future policy to reduce N leaching from cropland needs to consider environmental variability rather than solely attempt to reduce N rate .
Introduction
As a soluble and mobile contaminant, fertilizer nitrogen not used by crops is prone to leaching through the root zone into groundwater (Kramer et al., 2006; Wick et al., 2012) . When excess levels of nitrate ðNO 3 À Þ accumulate in groundwater, it poses a risk of methaemoglobinaemia in infants and risks of gastric and oesophageal cancers (Fewtrell, 2004; Nolan and Hitt, 2006; WHO, 2011) . Nitrate in groundwater aquifers has represented a major environmental problem worldwide, particularly in Europe, USA, and South and East Asia (Nolan and Hitt, 2006; Wick et al., 2012; Gu et al., 2013; Rodríguez-Lado et al., 2013) . In China, where groundwater provides 20% of the total water supply (Qiu, 2011; Zheng and Liu, 2013) , the nitrate levels in more than 25% of samples taken in croplands during 2000e2009 exceeded the World Health * This paper has been recommended for acceptance by Charles Wong.
Organization (WHO) recommended maximum limit of 10 mg/L (NO 3 eN; Gu et al., 2013) . Such conditions indicate the likelihood of adverse health effects in nearby rural residents, particularly in north and northwest China (Liu et al., 2006) . While fertilizer use accounts for more than 50% of the nitrogen leaching into groundwater in China (Gu et al., 2013) , nitrogen loss from cropland is poorly understood (Zheng and Liu, 2013) . Nitrogen leaching depends on the flow rate of infiltrating water and the concentration of nitrogen in the root zone (Riley et al., 2001; Zheng and Bennett, 2002; . In the root zone, nitrogen concentrations are controlled by nitrogen additions minus nitrogen losses via ammonia (NH 3 ) volatilization, denitrification and crop uptake (Van Drecht et al., 2003; Keuskamp et al., 2012; Bouwman et al., 2013) . Therefore, the suggested linear relationship between nitrogen application rate (N rate , kgN,ha À1 ) and fertilizer-induced nitrogen leaching (L N , kgN,ha À1 ) is inconsistent with the denitrification process within the root zone (IPCC, 2006; Amon-Armah et al., 2015) , which in fact varies significantly with nitrogen input (Jahangir et al., 2012; Bouwman et al., 2013; Zhou et al., 2014) . According to a growing number of field observations at specific sites, LRs (the rate of N leaching) also varies with environmental conditions (f k ), focusing on hydroclimatic factors or soil properties (Van Drecht et al., 2003; Velthof et al., 2009; Nolan and Hitt, 2006; Chen et al., 2014) . First, the sensitivity of leaching rate (LR, %) to N rate (defined as DLR, the first-order derivative of LR to N rate ) may be controlled by f k . For example, Wick et al. (2012) observed that DLR values were systematically larger after previous cropping or when the amount of precipitation was greater than 281 mm,yr
À1
. Second, LRs under a given N rate may be regulated by levels of f k that determine denitrification rates and the residence time of nitrate in the root zone (Van Drecht et al., 2003; Velthof et al., 2009 ). However, those results only reflect the effects of f k under a limited range of the environmental factors. When upscaling to national or larger scale predictions of N leaching rate, unreasonable fluxes may occur widely for environments that are not captured by the small group of field experiments.
To test if it is the similar case in China, the synthesized N leaching measurements were used in this study to investigate the nonlinearity and variability of the response of L N to N rate for cropland across diverse environmental conditions. A new empirical model (PKU-NLEACH) calibrated by the Bayesian Recursive Regression Tree algorithm (BRRT v2) was also proposed to determine the shape of LRs related to controlling factors. The results were then compared with the models without the considerations of nonlinearity and variability, including those used in MITERRA-EUROPE model (Velthof et al., 2009 ) and FAO Assessment model for soil nutrient balance (de Willigen, 2000; Roy et al., 2003; Liu et al., 2010) . In the end, this study assessed how f k modulates the spatial variability of LR and discussed about the implications on regional budgets.
Data and methods

Field observations in China
Field observations of L N , N rate , and f k were collected from sites of both upland and paddy soils from 50 peer-reviewed publications of field trials (80% for upland crops and 20% for paddy rice). Lysimeters were used to quantify the water flow and N movement through agricultural soils. Installation details were as described in Huang et al. (2011) . Retailed flux measurements had to have at least two levels of N rate , in addition to a zero-N control experiment. Three types of samples were excluded from the analysis: (i) measurements that included the use of such chemicals as nitrification inhibitors that are not widely applied in China, (ii) measurements with the duration not covering all split-applied fertilizations for a crop growing season, and (iii) measurements without zero-N controls. This reduced dataset was comprised of 453 site-years (397 for upland crops and 56 for paddy rice) at 51 sites observed from 1992 to 2013 ( Fig. 1 and Data S1), which could produce 338 pairs of LR. However, only 388 site-years at 37 sites with at least three N-input levels could produce 96 pairs of DLR.
To interpret the nonlinearity of nitrogen leaching to N rate , we analyzed the f k (Table 1) known to affect the soil N cycling and transport in the root zone when available in field experiments. However, fertilization methods (e.g., broadcast, incorporation, injection, and deep placement) and tillage practices were not considered due to lack of information about in the surveyed literature. All site-years in the original studies were used and were averaged by replicates if necessary. Few of the missing climate and soil properties within observation periods were supplemented by the 1-km Harmonized World Soil Database (HWSD) v1.2 (http:// www.iiasa.ac.at) and by the 0.1-degree China Meteorological Forcing Dataset (CMFD; Chen et al., 2011) .
Statistical analysis
The L N model assumed a quadratic form of nitrogen leaching change along a gradient of N rate :
because most of control experiments were determined to be well expressed (R 2 > 0.9 and P < 0.01 for 89% field experiment; Fig. S2 ).
Before investigating the nonlinearity and variability of the response of L N to N rate , LR was calculated for each non-zero N rate as a difference between nitrogen leaching (L) at N rate and the corresponding control (L 0 ) divided by N rate (unit: %), and DLR is calculated as the change in LRs per unit of incremental N rate (unit: %,kgN À1 ,ha).
Their meanings were also graphically described in Fig. 2a (Nolan and Hitt, 2006) . If the mean DLR was significantly different from zero, L N to N rate was nonlinear. If mean DLR or LR was significantly different between any two subgroups, the nonlinear response of nitrogen leaching response to N rate would be varying rather than uniform. All statistical analysis was conducted using RStudio v7.6 (RStudio, Inc) and Matlab R2014 (MathWorks, Inc).
PKU-NLEACH model
Contrary to previous studies (de Willigen, 2000; Roy et al., 2003; IPCC, 2006; Velthof et al., 2009; Liu et al., 2010) , where linear or uniform LR determinations were used, an empirical model (PKU-NLEACH) was applied in this analysis accounting for these nonlinear and varying responses of nitrogen leaching to N rate and f k :
and
and j and J represent the index and number of piecewise functions, respectively. The BRRT v2 was subsequently used to determine the optimal model structure (i.e., L and
) and model coefficients (i.e., a kj , b kj , b kj , c j ) with a minimum cost function, and to establish the relationships between N leaching rate and N application rate. The cost function in BRRT v2 that was minimized was the Bayesian Information Criterion (BIC). Detailed methodology of the BRRT v2 was described by Zhou et al. (2015) . Note that regularized linear regression (Rosset and Zhu, 2007) and condition index were applied for individual bottom nodes within the procedure of BRRT v2, avoiding over-fitting in model calibration and colinearity among different f k , respectively (Zhou et al., 2015) . PKU-NLEACH model was also used to simulate the spatial patterns of N leaching (under 1-m soil depth) over China's cropland in 2008 at a 1-km scale. The details of model inputs (e.g., N rate , PþI, Temp, SOC, TN, pH, BD, Clay, and crop type) were described in Text S1 (with Table S1 and Fig. S1 ). The estimates were then validated by independent observations of groundwater nitrogen concentration at 31 cropland sites collected by Gu et al. (2013) and Wen et al. (2012) . To validate the simulated L N directly, the observed nitrogen concentrations were simply transferred to a 'diagnostic' L N by multiplying the rate of infiltrating water (¼ precipitation À evapotranspiration). Precipitation and evapotranspiration, according to site coordinates, were taken from CMFD and Zeng et al. (2014) , respectively. Note that inter-site differences of delay and denitrification loss during groundwater transport were ignored (Zheng and Bennett, 2002; Van Drecht et al., 2003) .
To evaluate the advantages of incorporating the nonlinearity into PKU-NLEACH model, we designed four types of sensitivity tests. Test M1 ignored the nonlinear term (i.e. DLR ¼ 0) and sets LR as an uniform function (i.e., LR ¼ S(a k ,f k ) þ b). Test M2 also ignored the nonlinear term but set LR as a piecewise function (i.e., 
, see Equation (1)). We also assessed the differences between the PKU-NLEACH model and the linear models recommended by FAO methodology (M5; de Willigen, 2000; Roy et al., 2003; Liu et al., 2010) and MITERRA-EUROPE (M6; Velthof et al., 2009) 
, where P, C, and D represent the precipitation, clay content and sampling depth, respectively), parameters (i.e., a and b) were re-calculated based on China's dataset; Test M6, LR ¼ LR max ,f lu ,min(f P ,f SOC ,f D ,f T ), was applied, where LR max stands for maximum LRs under different soil types, and f lu , f P , f SOC , f D , and f T stand for reduction factors for land use, SOC, precipitation minus evapotranspiration, air temperature and root depth, respectively (Velthof et al., 2009 ). The R 2 , RMSE, and BIC were applied to assess their predictive accuracy performance. We finally applied a relative importance analysis (Zhou et al., 2015) to understand the extent to which factors control the difference in LR-N rate relationships and the spatial variation of LR. The relative importance was defined as the magnitude of the increase in the mean squared errors (MSEs) of PKU-NLEACH model when one of the selected f k is randomly permuted (Zhou et al., 2015) .
Results
Nonlinearity of leaching response to N rate
Evidence from control experiments with more than three Ninput levels indicate that the nitrogen leaching response to N rate was quadratic or exponential ( Fig. 2c) , rather than linear, which is consistent with previous analysis (Hansen and Djurhuus, 1996; Lord and Mitchell, 1998; Simmelsgaard and Djurhuus, 1998; Fern andez-Escobar et al., 2004; Di and Cameron, 2007; Sun et al., 2008; Huang et al., 2011; Chen et al., 2014; Xue et al., 2014; Amon-Armah et al., 2015) . Fig. 2d further confirms that LR grew significantly along the gradient of N rate . Approximately 74% of DLRs and 94% of LR were positive, and the remainders were zero or negative (Fig. S3) . A following bootstrap resampling performed on all DLR showed that the mean (0.0127) was positive, with 95% confidence intervals (CIs) ranging from 0.004 to 0.022 (Fig. 2d) .
Additionally, the magnitude and statistical significance of DLR across diverse environmental conditions are shown in Fig. 3 . Upland crops dominated crop types with a mean positive DLR (mean ¼ 0.0128, P ¼ 0.013; Fig. 3a ) that was almost identical to the mean value for all site-years. All crop types, with the exception of wheat and upland rotation, had positive DLRs (P < 0.05; Fig. 3a) . Among available environmental and sampling factors, DLRs were significantly positive where water input (PþI) was >524 mm (P < 0.01), mean air temperature was 25.3 C (P ¼ 0.03), SOC were 6.6% (P < 0.001), soil total nitrogen (TN) was >0.3% (P ¼ 0.02), soil pH was 6.2 (P < 0.001), bulk density was >1.37 g/ cm 3 (P < 0.001), clay content was >16.8% (P ¼ 0.005), or sampling depth was >95 cm (P < 0.001) (Fig. 3a, b, c ). Yet the symmetrical conditions had DLRs no different than zero (Fig. 3b, c and Tables S2   and S3 ).
Variability of leaching response to N rate
According to China's field observations, L N responses to N rate varied by environmental conditions (Fig. 2c and d) . The t-tests of paired differences between any two sub-groups indicate that maize had the highest positive mean DLR (0.025, P ¼ 0.02, Fig. 3a) , followed by rotation (0.015), paddy rice (0.012), wheat (0.007) and vegetables (0.006). However, no significant difference was detected at the P < 0.05 level among crop types ( Fig. 3a and Supplementary  Table S2 ). Site-years with higher temperature, greater PþI and greater sampling depth had mean DLR significantly larger (P < 0.05) than those with the opposite conditions (Fig. 3b) . Among soil attributes, the t-tests ( Supplementary Table S3 ) indicate that mean DLR were significantly distinct between two subgroups for SOC, pH, bulk density and clay content (P < 0.05, Fig. 3c ). The results suggest that these interaction terms (e.g. pH Â N rate ) should be included as potential explanatory variables in the regression models. The significant differences of LR among crop types were the one between upland and paddy rice (P ¼ 0.015) and the ones between vegetable and all wheat (P < 0.001), maize (P ¼ 0.09) and rotation (P < 0.001; Fig. 3d ). The mean LR for upland crops (8.8%) was higher than that for paddy rice (1.9%). Site-years with PþI amount of >360 mm, Temperature of >7.2 C, sampling depth of <100 cm, SOC of <3.5 g/kg, soil pH of >7.6, bulk density of >1.28 g/cm 3 , or clay content of <41% exhibited higher LR (P ¼ <0.001e0.016) than that for their opposite levels ( Fig. 3e and f , Tables S4 and S5 ).
Model calibration and validation
PKU-NLEACH model with 10 response functions for LR (Table 2 ) was evaluated with coefficient of determination (R 2 ), Bayesian Information Criterion (BIC) and root-mean-squared error (RMSE) being 0.84, À407, and 4.0% (Fig. 4a) , respectively, indicating that most of the variance of LRs is explained by the model with very low associated bias (Fig. 4a) Fig. 5a shows that the LR from the PKU-NLEACH model varies across China. The average LR over the Southern China and south part of Sichuan Basin werẽ 10% and~12%, respectively, which are approximately 2e3 times greater than that over North China. The highest LR values (>20%) are found in Lake Dongtinghu Watersheds and Sichuan Basin where most of the cereals are produced, while the lowest LR values (z0%) locate in Northwest China. The spatial distribution of fertilizerinduced L N (Fig. 5b ) was similar to that of the LRs (Fig. 5a ), but hotspots of L N (>20 kgN ha À1 ) were amplified in North China Plain and Northeast Plain and became more discrete in spatial distributions in the South China and Sichuan Basin (Fig. 5b) . The spatial differences of LR are highly consistent with the results of 1st national pollution census program (hereafter NPCP) in China (MOA, 2007; Wang et al., 2014) . To verify the spatial pattern of our result, we assessed the reliability in upscaling through validation using the 'diagnostic' L N derived from the observed TN concentrations in groundwater beneath cropland (Gu et al., 2013) . Fig. 6a demonstrates that the results simulated by PKU-NLEACH model compare favorably with geographic patterns of the observation-based 'diagnostic' L N (R 2 ¼ 0.73, P < 0.01), except for few wells sampled in a year when water input or N rate greatly differed from those in 2008. Although this result cannot confirm the reliability in actual magnitude of L N , it provides additional validation of the predictive capabilities of our models, suggesting that PKU-NLEACH model could be acceptable in capturing the spatial patterns of nitrogen leaching.
Identification of controlling factors
The regression tree for PKU-NLEACH model shown in Fig. 7 further illustrates that the difference of response functions is primarily regulated by hydroclimatic factors and SOC. For example, the variations in LRs were dominated by N rate at low temperatures and low water input (e.g., 1st terminal node in Fig. 7) . Conversely, they were controlled by environmental conditions at high temperature and great water input (e.g., 8th e 10th terminal nodes in Fig. 7) . The grouping of response functions also reflected the difference of DLR under diverse environmental conditions (Table 2 ). For example, DLRs were roughly smaller (mean of 0.001%,kgN À1 ,ha) compared to those where the air temperature >16.6 C (mean of 0.04%, kgN À1 ,ha). Relative importance analysis of f k by PKU-NLEACH model also affirms that the variation of LR is primarily affected by hydroclimatic variability. Air temperature was found to be the most important determinant for both crops (Fig. 3b) , which alone accounts for 52% of the variance of LR. Water input and clay content are ranked second and third as determinants controlling LR, explaining 18% and 10% of the variance in LRs accordingly.
Performance comparison for modeling LR and L N
The differences in predictive accuracy between models with and without the interaction term DLR,N rate or varying coefficients (see Methods) were further analyzed. Performance statistics illustrated that the results from PKU-NLEACH model considering nonlinear and varying responses are superior to the other models over the full modeling domain (Table 3 and Fig. S4 ). The linear and uniform response model (M1), where R 2 , RMSE, and BIC were 0.19, 9.3 and À17.6, respectively, was unable to capture the variation in LRs (Table 3) . When only the varying responses were considered, M2 showed significantly improved performance with a higher R 2 (0.58) and lower RMSE (6.7) and BIC (À131) compared to those of M1. However, this model also had low predictive accuracy (R 2 ¼ 0.23 and 0.48) for the observations where N rate was lower than the 10% percentile or greater than the 90% percentile (Fig. S5) , which was primarily because the effects of interaction terms were neglected. Similarly, when the varying responses were not incorporated into LR models, the nonlinear but uniform response model (M3 in Table 3 ) performed slightly better than Model 1 (R 2 ¼ 0.26, RMSE ¼ 9.0, BIC ¼ À33.5), yet this model was unable to characterize the local variations in the LR-N rate relationships. To demonstrate the advantage of the model used in this analysis (M4 in Table 3 ), we also compared its results to the models used in MITERRA-EUROPE (M5; Velthof et al., 2009 ) and in the FAO Assessment of Soil Nutrient Balance (M6; Roy et al., 2003) . Although these models yielded acceptable R 2 (0.67) values in European cropland (de Willigen, 2000) , their performance declined greatly in cases where the model coefficients had been re-calibrated based on observations in China, with R 2 being 0.01e0.03 (Table 3) . These results imply that these forms of response functions would be inappropriate choices for estimating LRs for China's cropland. Hence, the superiority of predictive performance indicates that the models utilizing nonlinear and varying responses (e.g. M4) would be better than those utilizing linear or uniform functions in simulation of the LR distribution. Model comparison was further undertaken in predicting L N . Compared to our estimate (M4), Model 2 underestimated the nitrogen leaching from paddy rice (154 ± 76 GgN$yr À1 ; Table 3 ). More surprisingly, other models severely overestimated the nitrogen leaching from both crop types (1882e5382 [upland] and 397e1386
[rice] GgN$yr À1 ). However, the models without the interaction terms DLR,N rate or varying coefficients were unable to capture the spatial variations of the observation-based 'diagnostic' LR (R 2 ¼ 0.26 and 0.04 for Model 2 and 3, respectively; Fig. 6b and c).
The absolute difference (AD) in spatial pattern between our 
, where theDLR(x k ), LR 0 (x k ), and j are described in Section Methods. 685 194 estimates (L 1 ) and those of M2 (L 2 ) and M3 (L 3 ) were also assessed and defined as AD ¼ L 1 À L 2 or 3 . They had patterns of nitrogen leaching in China that are spatially very different compared to the map derived from PKU-NLEACH model ( Fig. 5c and d) . Contrary to M2, our estimates were approximately 10 kgN ha À1 lower in most of the Northeast Plain, but approximately 15 kgN ha À1 higher in the Sichuan Basin and south China (Fig. 5c ). These findings indicate that, without the interaction term DLR,N rate , the model could not capture the impact of N rate on nitrogen leaching, particularly for the regions exhibiting lower and upper percentiles of LR. The difference between the estimates used in this analysis and those used in M3 were amplified in most major cropping zones in China. In particular, overestimations were significant in the North China Plain, Guanzhong Plain, Jianghan Plain and Lake Dongtinghu Basin (Fig. 5d ). This uniform model, therefore, enhanced the positive effects of N rate but lowered the negative effects of f k on LRs. However, nitrogen leaching in the uniform model was relatively closer to the estimates used in this analysis in low-value regions (Fig. 5d) , which experienced less application of nitrogen fertilizer than other croplands throughout China.
Discussion and conclusions
Positive mean DLRs indicate that nitrogen leaching tends to increase in N leaching in response to an increase in N rate at a rate significantly greater than linear. This result is also consistent with those from most field experiments with five or more N-input levels (Amon-Armah et al., 2015; Blicher-Mathiesen et al., 2014) , suggesting that the current constant LR recommended by the latest IPCC guidelines, FAO methodology, and MITERRA-EUROPE model is unsuitable for estimating N leaching for low or high N rate . The variations of LR shed light on how f k influences nitrogen fate and transport in agricultural soils at the national scale. Transport factors (i.e., PþI, bulk density, clay content and sampling depth) were positively or inversely related to LR (Fig. 3) . Generally, greater water input results in higher LR, particularly when soils become over-saturated (Nolan and Hitt, 2006) . As the bulk density of any given agricultural soils increases, soil porosity decreases (Zheng and Bennett, 2002) . Although L N is independent of porosity, the velocity of N leaching (V) is inversely related to porosity (n), given the same flow rate of infiltrating water (Q) (i.e., V ¼ Q/(A,n) where A is cross-sectional area; Zheng and Bennett, 2002) . This implies that larger bulk density results in higher nitrogen leaching rate. However, the structure of porosity distribution, not just the value of total porosity, also affects the leaching rate. Thus, it is important to characterize both porosity value and porosity distribution in quantifying the nitrogen leaching rates in future. High clay content, however, decreases the potential of nitrogen leaching, mainly because of its restriction of water and nitrogen fluxes leaching into root zone and groundwater and the increase of the conversion of nitrate to N 2 or N 2 O (Bouwman et al., 2002; Gu et al., 2013; Perlman et al., 2014) .
Reaction factors with positive signs included mean air temperature, soil pH and TN (Fig. 3) . Mean air temperature regulates LR probably by enhancing the reaction rate and vertical transport velocity of reactive nitrogen in soil that promote higher LR. Although air temperature enhances denitrification and NH 3 volatilization, it also stimulates the hydrolysis of fertilizers (e.g. urea) and the vertical movement of nitrogen (McInnes et al., 1986; Reynolds and Wolf, 1987) . The increase of soil pH decreases denitrification (Perlman et al., 2014) , eventually strengthening the potential of nitrogen leaching. On the contrary, SOC declines the sensitivity of LR to N rate , yet these results do not corroborate the results of previous control experiments at specific sites (Van Drecht et al., 2003; Velthof et al., 2009 ), which show a positive relationship between SOC and nitrogen leaching. Possible interpretation is that the SOC used in PKU-NLEACH model are the average values within a whole measurement period, whereas those are variant during experiment period and thus have a broader range.
These findings well agree with most previous analysis. MITERRA-EUROPE model indicated that LR tended to increase with precipitation and to decrease with clay content, SOC, mean air temperature and sampling depth (Velthof et al., 2009) , which is in line with ours except mean air temperature. Yet it did not reflect the degree of nonlinearity in their model. Our analysis explicitly tests the changes in LR for different crops with multiple N input levels including zero-N control, arriving at the same general conclusion of the a faster than linear L N increase but with a quantitative and higher confidence outcome. NPCP provided a collection of 25 regionally-averaged LR based on nationwide observations in 96 upland soils before 2007 (MOA, 2007) . This dataset reflects the responses of regionally-averaged LR to the diverse environmental conditions (i.e., TN, SOC and clay content). Such responses seem to imply that LR is positively related to soil TN but negatively related to clay content and SOC (MOA, 2007) , which are also in good agreement for same ranges of f k with ours. FAO methodology provided a qualitative response function between LR and f k (i.e., precipitation, air temperature, clay content and root depth; de Willigen, 2000; Roy et al., 2003; Liu et al., 2010) but with the relationships of LR to f k coinciding with ours. One possible explanation is that FAO methodology overestimated the LR from croplands compared to observations and our model (de Willigen, 2000) .
Our studies also suggest that the model that considers the nonlinearity and variability of leaching response to N rate is more accurate and reliable for estimating large-scale LRs than other LR models. For example, our estimate of fertilizer-induced L N in 2008 (878 ± 226 GgN$yr À1 ) is close to the result of mass-balance-based CHANS model (total:~1800 GgN$yr
À1
; Gu et al., 2013) [MOA, 2007] ). Second, PKU-NLEACH model in particular conditions can separately function as an updated tool for other countries or regions that are subject to interpolation. Nonetheless, there is no sufficient evidence in support of using the calibrated PKU-NLEACH model for regions whose f k are not captured by our dataset. Most field experiments of nitrogen leaching in China are within temperate or sub-tropical zones with moderate SOC levels, which are different in Southeast Asia, Mid-U.S. and East Europe. PKU-NLEACH model, therefore, would need to be re-calibrated using more observations from these countries or regions to avoid potential extrapolation.
Another significant drawback in this model is the lack of environmental conditions reflecting crop type, fertilizer type and method Xue et al., 2014) , the pulse effects of flooding irrigation (Wang et al., 2012; Poch-Massegú et al., 2014) or other cultivation practices (e.g., tillage; Yagioka et al., 2015) , because most of them were unavailable in field experiments or for national simulation. For example, the cropland in North China Plain has experienced intensive irrigation primarily for growing season, which leads to a significant increase of LR and L in previous processbased simulation (Li et al., 2014) compared to our estimates using annual average irrigation rate for whole observation period. Additionally, with a highly temporal resolution of response curves for nitrogen leaching to water input and fertilization, the shape of the LR determinations would be updated with high confidence for the irrigated cropland. According to model inference, the estimated LRs in this analysis can only reflect nitrogen leaching induced by inputs of new nitrogen, not residual nitrogen in agricultural soils (Novoa and Tejeda, 2006) . Therefore, base N leaching due to residual nitrogen need to be rationally estimated in future studies.
Overall, this study is the first time to comprehensively test and quantify the nonlinearity and variability of leaching response to N rate for China's cropland. The dataset used for model calibration is limited, yet the associated empirical model developed for that purpose better captures the observed nonlinearity and variability, compared to other linear or uniform models that overstate the fertilizer-induced nitrogen leaching in China. The spatial variability of LR strongly depends on local air temperature, followed by water input and clay content. Therefore, we strongly suggest that future policies to reduce N leaching from cropland need to consider environmental variability rather than solely attempt to reduce nitrogen fertilizer applications.
